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Plastic Pollution

o Single-use plastics constitute more than 40% of total plastics
o Only 9% of the total plastics produced is recycled

o Microplastics are found in the food chain, in our water, and in the air

https://www.imperial.ac.uk/news/200553/ocean-plastic-triple-2040-immediate-action/
https://www.ecowatch.com/plastic-pollution-agreement-2636986814.html
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Plastic Consumption and Recycling

Plastic consumption, in thousands of tons Plastic Recycling
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Plastic recycling still has a long way to go

http://www.pardos-marketing.com/hot04.htm
https://www.statista.com/chart/18064/plastic-waste-in-the-us-municipal-solid-waste-disposal/
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Overall Objective

How long til they’re gone?
Estimated time taken to biodegrade

/Z Circular Economy

600 —
500
400
300

200

100 o
Linear Economy

50 years
0
Stryrofoam Aluminium Nappy Plastic Fishing Waste
cup can bottle line
Exact time will vary by product type and environmental conditions
Source: NOAA / Woods Hole Sea Grant BEaE

Cannot wait for ~450 years to decompose
Migrate from linear to a circular economy

https://www.bbc.com/news/science-environment-42264788
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Biodegradable Polymers

Biodegradable = rom—
i olymers produce
Polymers directly polymers rr? ; prod y
extracted from icro-organism or
: bacteria
biomass . : (e.g. polyhydroxyalkanoates
(e.g. polysaccharides, i (PHAs), bacterial cellulose,
proteins) : xanthan)
v
Polymers produced by chemical
synthesis using renewable bio-based
monomers or mixed monomers from
biomass and petroleum
(e.g. PLA, PCL and other bio-polyesters)
Eco-friendly v/ Easily degradable v/ Reduces carbon dioxide levels v/
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Limitations of Bio-based Polymers

High cost of production Poor mechanical properties

In-house experiments

120007 Tensile Elongation Stress Young’s
PHA strength at break at break modulus
3 Brand name Materials (MPa) (%) (MPa) (MPa)
10009 GF-0wt% PHB 13.7 7 12 1050
- GF-1wt% PHBV 8.8 0.7 8.8 1495
80004 - - GF-8wt% PHBV 216 6.7 19 1103
) ] ‘ 48 Ald-0mol% PHB 7.3 0.4 7.3 1658
a ] s cA Ald-8mol% PHBV 215 1.1 215 1920
S 60007 cpuiefnis S o TN He o S Ald-12mol%  PHBV 16.9 11 16.9 1484
2 : PAG6 Smith’s HDPE 23.2 206.3 232 382.5
£ 4000 1. SRR s : o Subway HDPE 26 245.9 26 471
2 ° PLA i Smith’s
£ PRALD s ‘ AT Produce HDPE 422 77.8 40.2 710.2
5 20004- -0 ® - -o - - - - . Whole Foods
2 1 P pemp Produce HDPE 23.8 218.2 238 463.5
§ ] Clothing LDPE 19.1 434.7 18.5 327.1
& g - : | . . Trader Joe'’s
900 1000 1100 1200 1300 1400 Produce  MATER-Blb 47.7 57.7 47.1 129.3
Density (kg/m3)

Materials and Sustainability, 2014, 156-178
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Conventional Polymers

. =

S
Polyethylene High density Low density Polypropylene
terephthalate polyethylene polyethylene (PP) PO'{StSY)rene
(PET) (HDPE) (LDPE)
Cost effective v
Thermal stable v
Degradable X
High performance v
Recyclable X

Durable v
Tunable properties v
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Overview of Director’s PRD

Hybrid polymers ‘ Bio-degradable polymers

Conventional polymers

o Bio-based polymers are either or co- Block copolymer

polymerize or blended with conventional “

polymers Alternate copolymer

o Degradability from bio-based materials ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘

o Improved mechanical strength from
Random copolymer

® O o0 o000 O

conventional polymers
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Examples of Hybrid Polymers

Copolymers of polyhydroxyalkanoates and
polyethylene glycols: recent advancements
with biological and medical significance

PHA PHB PHY 1 PHO -1
o H 9
H[ \/]lo b OH
n o z (o)
PEG PHB-PEG

Polymint, 2017, 66, 497-503
e-Polymers, 2020, 20, 423-429
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Yodthong Baimark*, Wuttipong Rungseesantivanon, and Natcha Prakymoramas
Synthesis of flexible poly(L-lactide)-b-polyethylene glycol-b-
poly(.-lactide) bioplastics by ring-opening polymerization in
the presence of chain extender

PEG
(macro-initiator)

0
O\/ﬁ\
+ 2n +
H ‘</ rOH
HaC

o

L-Lactide
(monomer)

Joncryl ADR4368
(chain extender)

Ring-opening polymerization Sn(Oct)
and in situ chain extension .

where: R, and R, are H or alkyl
R, Is alkyl
x and y are 1-20
zis 2-20

T L.

In situy chain-extended PLLA-PEG-PLLA



Molecular Dynamics

Representative snapshot of an
amorphous polymer box

o Molecular dynamics (MD) enable polymer
property predictions

o LAMMPS MD package

o Enhanced Monte Carlo (EMC) to generate
the amorphous polymer box

o 20 chains and each chain consisting of
100 monomer units

o NPT ensemble; 300 K

Los Alamos National Laboratory 9/15/21 | 10



Assessment of Different Force Fields on T, predictions

poly-4-hydroxybutyrate P Experimental T, : 225.7 K
(P4HB)

o
CHARMM General Force Field Generalized Amber Force Field Polymer Consistent Force Field
(CGenFF) (GAFF) (PCFF)
1.20 1 | 500
1.20 1 500 1151 Q 200 1.151 -
Ty = 32561K _ ) 3\ Ty = 335.42K = Tq= 261.57K _
115 ~ o) 2 400 2
4005 110 e 110 5
3 110 g 3 g 3 g
S £ ) 2 > - 300 2
=105 -300-5 =109 300 -5 . 1.05 £
z s sz s
c
& 1.00 1 -200§ & 1.00 F200 3 S 1.00 -200g
£ E s
4 =
e 100~ 059 100~ 0.95 100~
0.90
1, o0y 1, o0{ L
200 300 400 500 600 700 200 300 400 500 600 700 200 300 400 500 600 700
Temperature (K) Temperature (K) Temperature (K)
Error: 44.5 % Error: 48.8 % Error: 16.1 %
J. Chem. Inf. Model. 2012, 52, 12, 3155-3168 Journal of Molecular Graphics and Modelling, J. Phys. Chem. B 1998,
J. Chem. Inf. Model. 2012, 52, 12, 3144-3154 2006, 25, 247260 102, 7338-7364
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Comparison of Torsion Potentials Using PCFF

DFT: _ _

B3LYP/ 6-31+g(d,p) 30 1= .I’.‘\-\ ¢1 /.;’.\.,‘ By

Using Gaussian16 = 2] & i =
= il <
qE; -‘I ..l" qE;
(o oy S

0.0 meuy
PAHB O 40 -/\'\ .
2 180 -120 -60 0 60 120 180 -180 -120 -60 0 60 120 180
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| 5 nta
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e [en

L L
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604" "
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Improved Torsion Potentials : mPCFF

DFT: N -
B3LYP/6-31+g(d,p) Tt e 1 S
Using Gaussian16 = 201 “-‘ _ =
= " s £
. £ 10 § o g
Refltted ﬁ % . . & MPCFF é_

o
o
A

-1.0 1
P4HB O . . . . ; . . ; . .
5 -180 -120 -60 0 60 120 180 -180 -120 -60 0 60 120 180
is-o ¢3 ¢4 éS‘ Dihedral angle (°) Dihedral angle (%)
7 ~N
] 2.0
1 o o a Pa 4%a
i 7 .
g 20 g 0.0 1
IS IS
= = 2018
% 4.0 o
c c
L | <
) 4014
6.0 4°
-180 -120 -60 0 60 120 180 -180 -120 -60 0 60 120 180
Dihedral angle (°) Dihedral angle (°)
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Validation of mPCFF Parameters

Young's Modulus

Bio-Degradable Polymers Simulation m Expt
400
< Computed —__ Experimental 3200.0
2 30+ —
2 XO F 2700.0
o ’ . Lo : i
"g’_ 300 - [ g ? >\ ﬁ%{ - 2200.0 1
| pCHs y 0 S
§ 260 ? ? - ? j/; 5 ? guoo.o
-l A ? ? ? ? A % % 1200.0
§ ? ? ? / L W/ ? ? 700.0 I
sl /B A A % a7l /a ¢ .
F4 =0 /1 ¢ 20 ¥ 3 =1 2 3 4 200.0
5 P A A § ) PE PVC PET
s R 5 = = T Yield Stress ) )
o [a o il Simulation m Expt
200.00
. o 180.00 :
Bejagam, K. K; Iverson, C. N.; Marrone, B. L.; Pilania, G., Phys. Chem. 160.00
Chem. Phys., 2020, 22, 17880-17889 140.00 :
£ 120.00
£ 100.00
£ 80.00
7 60.00
| 1 il
20.00
0.00 ]

PE PVC PET
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Computational Screening of Hybrid Polymers

[ Bio-based Conventlonal J

o Large number of bio-based and conventional
polymers \/
o Identify the combination based on miscibility Hildebrand solubility, T

o Narrow down the selection with good mechanical

properties . .
Mechanical properties
o Explore the transport properties and degradation for l
Degradation and
Transport properties

various packing applications

Los Alamos National Laboratory 9/15/21 | 15



Bio-based Polymers

poly(3-carboxy-propionate)

poly(4-hydroxybutyrate) (P3CoxyP) polycaprolactone

(P4HB) o (PCL)

(0] o o (o)
. o\/\)'l~ . .. . /\A)k e
L & > - ». .0 - - 4 O.
polylactic acid) CH;
poly(3-hydroxybutyrate) (PLA)
(P3HB) CH,
CH; O
. ) poly(3-hydroxyheptanoate)
) (P3HHp)
o .
o) 0

poly(3-hydroxy-
5-phenylvalerate)
(P3H5PhV) polybutylene succinate

polyglycolide I .
PBS poly(ethylene adipate)
é ) (PGA) (PEA) 0
o /\/\/O._ = H,. /\/0 ..
K 0 ) : o\/”. o
Sy
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Conventional Polymers

polymethyl methacrylate

polyethylene (PMMA) polypropylene polyvinylidene fluoride
(PE) oH (PP) (PVDF)
3

9
olyvinyl chloride CH
P yw(glvc) h : polyoxymethylene

o (POM)
) polystyrene 0
(PS)

polytetrafluoroethylene

polyethylene terephthalate (PTFE)

(PET) polyethylene glycol F

F
- i (PEG) /%/
O\/- F: &
o o—\
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Determining Hildebrand Solubility

Computational Details
o LAMMPS

o mMPCFF parameters

o 20 chains
o Each chain with 100 repeating units
o 300K

Hildebrand Solubility parameter

5= Econ Econ = z Eis — Etor
Vy chains

E.on is the cohesive energy

V1 is the molar volume
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Absolute Differences of Hildebrand Solubility

paH 3 95 96 72 81 O : 16
P3HB : ) 114 115 91 6.1 A ! 14
(2]
£ P3HsPhy SRR 56 57 33 b
s nens ;
> P3CoxyP . : £ 111 41 0 S
- (4]
g_ PLA ' i s 35 17 . ,_E,
3 pes I3 1.9 5 71 81 3
@ Yol 33 0 1 75 76 51 (101 6
_? !
O P3HHp ' 3 | 6 : 7 - 4
SRR 66 3 4 68 >

PEA

“ G
¢ &L g

& € & & ¢ & K
Q

Conventional polymers

Polymer combination with low values are preferred
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T, Estimates using Fox Equation

For a 50:50 composition

TR 022 9 265.7 298.8 288.7 287.0 230.8 292.3 400
SR 259.1 304.7 323.7 324.7 3217 259.3 329.3 375
ST NV 7749 302.1 317.0 3155 313.7 2725 318.4
] 350
£ P3coxyp ’E 326.8
RS 2552 3411 344.7 : 280.1 325
2 N9 238.8 265.0 289.7 280.3 279.3 247. 241.8 282.6 300 X
§ el 213.6 247.8 282.3 268.3 267.3 225. 221.5 271.0 275
.
F-YETOE 236.1 269.0 296.4 287.3 285.9 247. 240.2 290.2 _—
@ IR 273.0 332.5 340.7@347.9: 293.1 269.0-
TN 222.0 247.2 275.8 263.1 262.5 230.8 227.0 265.1 22
Fox equation & &g Q\!g? ¢ & &g Q@“ &
1 _w L W2 Conventional polymers
Ty Tg.l Ty.Z

For packing applications, polymers with low T, are preferred
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Combining the solubility and T,

FULE 02 023 033 05 05 03 028 044 038 0.9

XL 036 039 045 066 066 045 03 02 045 054 0.8

ERHVAR 021 028 03 045 044 03 053 025 P66 033 0.7

£ P3CoxyP 065 067 0.64_ 046 046 o.ss- 06

g W 026 038 036 057 056 036 054 026 0.46 05

S 1% 024 022 03 048 048 032 032 01 046 036 04

§ NalE 012 012 022 038 039 02 032 005 048 026 03

_g G 012 018 024 04 039 022 042 015 (057 027 0
2 PGA JUETAEY! 0.48_0.48 036 02 05 |06

m 01

7% 018 016 024 041 042 026 031 004 046 029

) &

Conventional polymers

Top candidates with least values are selected for hybrid polymers
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Hybrid Polymers

poly(4-hydroxybutyrate) polycaprolactone

o PCL+PE (Pae) e Y o by

. By ol .
o P3HHp + PE o~ NP
o PCL + PVC . o
o P4HB + PEG polybutylene succinate
o PBS + PEG S

o poly(3-hydroxyheptanoate)
o PCL + PEG -._.‘/\/U\o/\/\/on, ~ . (P3HHp)
o P3HHp + PEG I "o '
o PEA + PEG
polyethylene polyethylene glycol polyvinyl chloride
(PE) (PEG) (PVC)

cl
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[ Bio-based } [Conventional}

v

Hildebrand solubility, T,

Mechanical properties

Degradation and
Transport properties

.
—
F
===
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Mechanical Properties

Movie illustrating the evolution of box
during deformation simulations

o LAMMPS

o mMPCFF parameters

o 10 chains

o Each chain with 500 repeating units

o 300K

o Deformation simulations

o Average over 5 different configurations
o 3 directions (X, Y, and Z)

Los Alamos National Laboratory 9/15/21 | 24



Stress-Strain Profile

1000

Properties of interest WI PB ——— Strain rate:10"s"
, —— Strain rate:10"s™
o Young’s modulus 800 F
. . Iz ] ]|
o Poisson’s ratio [ u
o Yield stress SooQ

o Yield strain

True Stress (MPa)

Strain hardening

Strain softening regime
regime

200 B

%.o 0.2 0.4 0.6 0.8 1.0
True Strain
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Predictions from Simulations

o 50:50 composition
o Copolymer
o Blend

m Bio-based m Copolymer m Blend m Conventional

(]
Q‘Q $ Q/ Q,‘,{" 9 $ QO”
& Q'a,‘?“\ & €

g 8

:

Young's Modulus (MPa)
g §

g

N/ N/ 7
S Q° Q‘y

Yield Stress (MPa)
£ 3 8 8 8 8 8

N
o

0

QQ / ’ Q7 f-, /
QS‘Q & ® <

m Bio-based mCopolymer mBlend m Conventional

(C)
Q‘o (4\'/ \,/ V/ 4
& Q" ©
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[ Bio-based 1 [Conventional}

Hildebrand solubility, T,

Mechanical properties /

Degradation and
Transport properties

.
—
F
===
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Importance of Transport Properties

Low Water Vapor Transmission Rate - 1000000
Milk Jug
R P _ waer & 100000
W e = Fruits, Vegetables, Salads
£ 10000
S
> 1000
o Bakery
c . products
ke 100 Fresh meat, MAP
0 ] | J
£ ~ Cheese
? 10 vicat, e |
E Peanuty | MAP
s 1
E[r
3
0.1
0 1 10 100 1,000 10,000

Water Vapor Transmission Rate (g/m? - day)

ACS Sustainable Chem. Eng. 2018, 6, 49-70
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Water Transport Properties

Polypropylene Arrhenius equation
Mean square displacement at D= Dje BT
various temperatures
1.5
)
"E - *.
) NN
c ..
o RN
7 Bl
£ 0.5- Te
5
o) S
o) ™
- A J
0 L
L I 1 I 1 I L I
2 2.5 3 3.5 4
Time (ns) 1/1)10° K
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Transport Properties of Hybrid Polymers

Water molecule

m Bio-based m Copolymer m Blend m Conventional
20
w
~
€15
N
o
=
S 10
(7]
=
=
[a)
| I I
. B I I I m I
PCL_PEG PEA_PEG P4HB_PEG PBS_PEG
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Transport properties for Degradation properties
different small molecules

Weight loss over time

logo(D/c m2s!)
&
(6]

0.20 0.55 0.30 0.35 0.40
o/nm

Degradation weight loss (%)

Time

Down select the top polymer candidates and pass on to the experimental collaborators
for testing our predictions
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Machine-learning Melting Temperature (T,,) model

Diverse chemistries Random Forest method

Straight-line backbones Avg. test set RMS error in T, (°C)

’\O/\)J\. ,/O\/\)J\* '\o/\/\)']\‘ /0\/\/\/U\* ,)I\/\/\/\o/' 30
3-Hydroxypropionate 4-Hydroxybutyrate 5-Hydroxyvalerate 6-Hydroxyhexanoate 7-Hydroxyheptanoate 2 8 32
(3HP) (4HB) (5HV) (6HHXx) (7HHp)
Small alkyl side chains 24 30
P i D - 22
o - 0 o 7" O 28
H * = * - A A
P z *\O/\)J\ *\o/\)J\* *\o/\)J\* 20
3-Hydroxybutyrate  3-Hydroxyvalerate  3-Hydroxy-4-Me-valerate 3 26
2-Hydroxybutyrate 2-Hydroxyproprionate (3HB) (3HV) (3H4MeV) 18
(2HB) (2HP) 16
Long alkyl side chains 14 24
AN i e = i W AN 12 -
'\(')/\)J\* *\O/\)J\z ‘\o/\/u\: s\o/\)k* '\o/\)J\z 1
3-Hydroxyhexanoate  3.Hydroxyheptanoate 3-Hydroxyoctanoate 3-Hydroxydecanoate 3-Hydroxydodecanoate
(3HHXx) (3HHp) (3HO) (3HD) (3HDD) 20
Pendant phenyl
18
g, 4., O S UN SN
/ S
(o} = C //\), H ‘]) o (o} 0

Number of estimators
o

N B~ O 00

]

T A, TN .. m oA FNMSNON®OOHNMY

O L] O O

3-Hydroxy3-Ph-propionate 3-Hydroxy-4-Ph-butyrate 3-Hydroxy-5-Ph-valerate 3-Hydroxy-6-Ph 3-Hydroxy-7-Ph 3-Hydroxy-8-Ph-octanoate
(3H3PhP) (3H4PhB) (3H5PhV) (3H6PhHXx) (3H7PhHp) (3H8PhO)

—

Maximum tree depth

Karteek K. Bejagam, Jessica Lalonde, Carl N. Iverson, Babetta L. Marrone, and Ghanshyam Pilania (Manuscript ready to submitted)
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ML Predictions

Descriptors : RDKit

) . Predictions for multicomponent mixtures
Data : Experiments

200 1
{1 m training set (90%)
_. 17571 o testset(10%)
O : 160
"E’ 150-: E
5 : — M 140
B 1251 9
o : S
3 100 2 W 120
Q. 1 g
3 751 € |l 100
g =
31 50~5 - 80
25 1 100.0 | |
0 I < <
Ol ' 25 - 50 ' 75 '1'0'0' '1'2'5' '1'56' '1'75' '2'00 100.0 90.0 80.0 70.0 60.0 50.0 40.0 30.0 20.0 10.0 0.0
o 0 3HP composition % : 0
Experimentally-measured Tp, (°C) NP SN
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Polymer Design

High throughput enumeration

S 3HBy ~4HBy¢ .
a
HHx,~4HBos 0 g ,
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E 0.351 3HB, ,~4HB ' Znﬂ o5 |~ 2HPy-3HBy
0.1 0.9 ¢ o n . "
= N Lia " b \ 3HP, ~3HB, ;
— . a o n I - 4 ZHPL\ 3—3H4PhB“
50.30' . U unulﬂﬂn 3 l?‘., 2HP, ~3HB ¢
L ' a® P .}f”\ " 2HP,~3H5PhY,,
= 025 € " °.s " | 2HPy ~3H5PhV,
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L -] o
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0.20 1 . \
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i \ W T, Dataset
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Vinit Sharma, Karteek K. Bejagam, and Ghanshyam Pilania (Manuscript under preparation)
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Publications and Conference Talks

Publications:

1. Karteek K. Bejagam, Carl N. Iverson, Babetta L. Marrone, and Ghanshyam Pilania Glass Transition Temperature
Predictions of Binary Copolymers and Blends of Polyhydroxyalkanoate Biopolymers: Compositional and Configurational
Dependence Macromolecules, 2021, 54, 12, 5618-5628 (LA-UR-20-30478)

2. Karteek K. Bejagam, Nevin S. Gupta, Kwan-Soo Lee, Carl N. lverson, Babetta L. Marrone, and Ghanshyam Pilania,
Predicting the Mechanical Response of Polyhydroxyalkanoate Biopolymers Using Molecular Dynamics Simulations
(Manuscript ready to submitted)

3. Karteek K. Bejagam, Jessica Lalonde, Carl N. lverson, Babetta L. Marrone, and Ghanshyam Pilania, Machine Learning
for Melting Temperature Predictions in Polyhydroxyalkanoate-based Biopolymers (Manuscript ready to submitted)

4. Vinit Sharma, Karteek K. Bejagam, and Ghanshyam Pilania Predicting Crystal Structure and Chemistry of Bio-polymers
Using Evolutionary Algorithms (Manuscript under preparation)

5.  Nevin S. Gupta, Kwan-Soo Lee, Shounak Banerjee, Karteek K. Bejagam, Ji Hyeon Kim, Chi Hoon Park, Joseph H.
Dumont, Ghanshyam Pilania, Carl N. Iverson, Babetta L. Marrone Soil Degradation of Polyhydroxybutyrate and
Polyhydroxybutyrate-co-Polyhydroxyvalerate films: A Computational and Experimental Study (manuscript under
preparation)

Conference talks:

1. Karteek K. Bejagam. In the quest for "Green Polymers". Presented at CPMU Silver Jubliee meeting, Bangalore, India.
(LA-UR-20-30343)

2. Karteek K. Bejagam, Carl N. Iverson, Babetta L. Marrone, and Ghanshyam Pilania Computational aided design of bio-
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